Historical studies of labor markets frequently suffer from a lack of data on individual income. The occupational income score (OCCSCORE) is often used as an alternative measure of labor market outcomes. Using modern Census data, we find that the use of OCCSCORE biases results towards zero and can frequently result in statistically significant coefficients of the wrong sign. We use a machine learning approach to construct a new adjusted score based on industry, occupation, and individual demographics. Our alternative score substantially outperforms OCCSCORE in both modern and historical contexts. We illustrate our approach by estimating racial and gender earnings gaps in the 1915 Iowa State Census and intergenerational mobility elasticities using linked data from the 1850-1910 Censuses.
Introduction
Before 1940, data on individual wages and education are not available in the U.S. Census.
Consequently, occupation is often the only measure of labor market outcomes available to economic historians. Occupation is a categorical variable; however, many economists use an index of occupational earnings potential as a continuous measure of historical labor market outcomes. One popular example is the 1950 occupational income score (OCCSCORE), which is the median income of an occupation in 1950. Occupational income scores have been used to examine earnings gaps going as far back at 1850, and studies using this approach have been published in numerous top journals in economics and other fields.
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Although occupational income scores should be correlated with earnings (for example, physicians and lawyers have higher occupational income scores than laborers), they are obviously an imperfect proxy for true earnings, and it is unclear how much bias this measurement error induces. Additionally, it is unclear if 1950 occupational income scores are good measures of labor market outcomes when examining Censuses several decades before 1950. While this potential bias has been acknowledged in the literature, no attempt has been made to quantify it and diagnose its impact on inferences. In this study, we attempt to measure this bias directly and examine how much it can be mitigated through adjustments to occupational income scores based on demographic and geographic variables universally available to economic historians.
We first develop a formal model of the measurement error problem posed by occupational income scores. The model allows us to determine when attenuation bias will occur and to explicitly quantify its magnitude. We then take this model to the data to estimate the OCCSCORE-induced bias. Because it is difficult to make historical data better, we analyze the performance of occupational income scores by making modern data worse.
2 We generate 1 See section 2 for examples. 2 Our approach is in the spirit of Romer (1986) , who shows that excess volatility in unemployment time series during the pre-war era is an artifact of the interpolation methods used before the Current Population Survey. Applying the same interpolation methods to unemployment data during the post-war period results in similar levels of volatility.
2000-based occupational income scores and examine how well they predict income in the decades between 1950 and 2000. We then use this index to examine racial and gender earnings gaps from 1950 through 2000 and compare these to the true gaps estimated using actual earnings data. Finally, we use cross-validated lasso regressions to construct new adjusted OCCSCOREs (based on industry, occupation, race, sex, age, state, and region).
We compare estimated earnings gaps based on our lasso-adjusted industry, demographic, and occupation (LIDO) scores to those generated using OCCSCORE and true earnings.
We find that although OCCSCORE is correlated with income even for Censuses five decades removed from the base year, racial and gender earnings gaps are significantly attenuated when using OCCSCORE as a proxy for income. The use of OCCSCORE can result in statistically significant coefficients of the wrong sign up to 20 percent of the time in our modern data, particularly for variables indicating state of residency (often used in difference-in-differences analysis exploiting state-level variation in treatments).
3 This is even the case in earnings regressions where the sample is restricted to white males only. We find that adjusting OCCSCORE by race, sex, age, industry, and geography-adjustments rarely made in empirical work-substantially reduces this bias.
To examine the performance of our LIDO scores in a historical context, we exploit a rare source of pre-1950 earnings data: the 1915 Iowa State Census. 4 Estimated race and gender earnings gaps in 1915 Iowa using true earnings data are sizable and negative; however, when using standard OCCSCORE as a proxy for earnings, the racial earnings gap is underestimated by half and the gender earnings gap is attenuated by 95%. 
Previous Literature
To understand how researchers use the occupational income score variable, we searched for papers containing either "OCCSCORE" or "Occupational Income Score" in top general interest journals and top field journals in labor economics and economic history. This search yielded the 25 papers listed in Table 1 . 5 Most of the articles have been published within the last decade, with a median publication year of 2014. Sixteen use the log of occupational income score as a dependent variable, and consequently, we focus our empirical analysis on the log of occupational income score. Of these 25 papers, only four adjust occupational income scores by any demographic variables.
6 Typically, these papers analyze historical
Census data for which income or wage data are not available and interpret occupational income score as a proxy for income. Some of the papers, however, present occupational income score along with wage/income data as an alternative measure of socioeconomic status (see Stephens and Yang (2014) or Chin (2005) ). Some papers attempt to reduce the bias by limiting the sample to a particular demographic group, typically white males (see Bleakley (2010) ). These papers often examine intergenerational mobility, racial and ethnic SES gaps, migrant selection, and the effects of schooling or health interventions. Consider a linear model with classical measurement error (CME) in the dependent variable.
The researcher is interested in y i = α + βX i + i , but instead of observing y i , the researcher observesỹ i , which equals y i plus a measurement error term e i . In the CME model, y i and X i are uncorrelated with e i , implying that e i is by definition correlated with the observed valuẽ y i . Thus, a regression of the mis-measuredỹ i on X i is equivalent to a regression of y i on X i with an error term of i − e i . Since e i is uncorrelated with the true y i and X i , regressing the observed value on X i is equivalent to adding variance to the error term of the regression. For this reason, CME in the dependent variable affects the precision of the regression estimates, but does not lead to bias. This is likely part of the reason that researchers either ignore, or
give cursory attention to, measurement error in the dependent variable.
Unfortunately, the CME model is a poor description of occupational income scores. Suppose the true y i is income. Without knowledge of y i , the researcher replaces y i with their best guess of income given occupation. Perhaps this measure is mean or median earnings for race-adjusted OCCSCORE.
a given occupation. Since the reported y i is the researcher's best guess of income, the measurement error must be uncorrelated with the reported value, and by definition correlated with the true value. Thus, the opposite of the CME model holds.
Occupational income scores are better described using the Optimal Prediction Error (OPE) model of Hyslop and Imbens (2001) . In the OPE model, if researchers use their best guess of y i (income) given a noisy signal (occupation), then estimates of β are in general biased towards zero. Hyslop and Imbens (2001) refer to this as OPE(1). However, if researchers instead use their best guess of y i given both the noisy signal and X i (referred to as an OPE(2) model), then estimates of β are unbiased. Consequently, instead of using occupational income scores, researchers should develop occupational income scores that are conditional on X i .
In the subsection below, we develop a modified OPE model specifically for occupational income scores. In the model, researchers observe occupation, a vector of relevant covariates X i , and, from a separate data source, mean earnings by occupation. Changes in X i can affect earnings through two channels: either by shifting individuals from lower to higher paying occupations, by increasing earnings within a given occupation, or both. We then find conditions equivalent to the OPE(1) and OPE(2) from Hyslop and Imbens (2001) . Lastly, it is not always possible to predict income conditional on both occupation and X i , particularly when X i is not a demographic variable. We show that so long as demographics are correlated with X i , then using a demographically-adjusted score will result in estimates that are less biased than the unadjusted occupational income score. We refer to this model as an OPE (3) model.
An Optimal Prediction Error Model with Occupational Income Scores
A researcher is interested in y i = α + βX i + i , where y i is the income of individual i, X i is the policy variable of interest, and i ⊥ ⊥ X i . The researcher does not observe y i , but observes both X i and occupation j. From a separate source, the researcher also observes the occupational income score of occupation j, which is E(y|occ = j). 8 The policy variable could increase income through two channels, either shifting the marginal worker into higher paying occupations or increasing the earnings of workers within a given occupation.
We model the first process by assuming that there are a continuum of occupations and let O j be a measure of the earnings potential of occupation j. Specifically, define O j to be the mean income that a random individual would receive if they were to enter occupation j. Note that E(y|occ = j) = E(y|O j ) = O j , because high-skilled individuals are more likely to enter high-paying occupations. Occupations are determined through the following data generating process:
The parameter δ 1 captures the fact that X i shifts workers across occupations. The nuisance term η i captures that some workers enter occupations with higher or lower earnings potential than their X i would predict, perhaps because of preferences, ability, or luck.
We then model excess earnings within occupation as a separate process. Let the excess earnings of individual i be
For each worker i in occupation j, total earnings y i equals their occupational earnings potential O j plus their excess earnings. Thus, δ 0 + γ 0 = α, δ 1 + γ 1 = β, and
Further assume that η i , ν i ⊥ ⊥ X i and η i ⊥ ⊥ ν i . That X i is independent of the error terms η i and ν i is not a strong assumption given that many econometric models assume that X i is independent of i . The key assumption that separates this model from standard earning regressions models is that the error term affecting occupational sorting (η i ) does not interact with the error term determining excess earnings within an occupation (ν i ).
Lastly, we assume that γ 1 and δ 1 have the same sign. This implies that if X i increases income across occupations, it also increases income within occupations. This assumption will almost certainly hold for demographic groups that have historically earned less in labor markets (such as women and racial minorities). This assumption likely holds for human capital interventions that increase ability. It is conceivable that there are cases for which γ 1 and δ 1 have opposite signs. For example, suppose an intervention increased the probability that a college graduate continues to law school, but had no other labor market consequences.
This intervention would likely increase income across occupations (δ 1 > 0), but not within occupation (γ 1 = 0) since almost all lawyers have law degrees.
OPE(1): DV = E(y|occ = j)
Since y i is not observable, economic historians often use mean earnings of an occupation as the dependent variable in regressions. In this case,
Since
, we get that
where
Some algebra will show that
Since φ 1 ∈ (0, 1),β is biased towards zero.
OPE(2): DV = E(y
Suppose the researcher from another source can observe E(y i |occ = j, X i ) and uses this as the dependent variable. This is analogous to using a demographically adjusted occupational income score (such as the LIDO score, which we develop below) when the policy variable of interest is one the demographic variables used to construct the adjustment (e.g., a gender and race dummy).
Then we get thatβ
Thus,β is unbiased.
OPE(3) DV = E(y
Assume that the researcher is interested in y i = α + βX i + i , but she cannot observe E(y i |O j , X i ). However, suppose that the policy variable X i is correlated with a demographic variable Z i and the researcher does observe E(y i |occ = j, Z i ). Further assume that Z i is correlated with X i so that Z i = λ 0 + λ 1 X i + ψ i , where ψ i is independent of X i and η i .
For example, the researcher may be interested in early-life malaria exposure during the late nineteenth or early twentieth century. Because the LIDO score, or any other index of occupational earnings, does not take into account early-life malaria exposure, the researcher does not observe E(y i |occ = j, X i ). But the LIDO score does take into account geographic variables such as state of residency that will be correlated with early-life malaria exposure.
A regression of E(y i |O j , Z i ) on X i gives us estimates
Given O j and Z i , we have two noisy measures of X i since
. Therefore, we get that
Some algebra will then reveal that
It follows thatβ is biased toward zero, but less biased than the traditional occupational income score. As σ
Constructing an Adjusted Occupational Income Score
The above model suggests that a more useful occupational income score could be derived from average incomes conditioned on both occupation and a suite of relevant demographic
variables. There are a number of ways to approach this problem. The most important commonly-available variables influencing labor market outcomes are industry, occupation, sex, race/ethnicity, age, and geographic location. 9 Any demographically-adjusted OCC-SCORE should account for differences along these lines.
The simplest and most general approach would be to adjust OCCSCORE in a fully nonparametric manner. For example, one could take an individual's OCCSCORE to be the median (or mean) income in a given base year for that individual's occupation within cells defined by their sex, age, race, and region. An alternative that avoids this problem involves a less flexible parametric approach.
For example, one could regress income in a given base year on a series of occupation, sex, age, race, and geographic state indicator variables. The fitted coefficients could then be used to generate an adjusted OCCSCORE for each possible individual. This strategy is computationally simple and generates an adjusted OCCSCORE for every type of individual.
However, it likely misses many important interactions. There is little reason to believe that early 20 th century earnings gaps between whites and blacks did not differ by region, nor does it seem likely that the age-earnings profile was the same across all occupations.
Our approach bridges these alternatives and aims to balance the need for a rich model of income determinants with the limitations imposed by the small number of observations available for some occupations (particularly for certain groups). For a given base year, we compute a set of lasso-adjusted industry, demographic, and occupation (LIDO) scores as follows. For each Census-classified industry, 11 we regress log income on a set of demographic covariates for all individuals between the ages of 20 and 70 employed with positive earnings in that industry. We use the lasso algorithm, which solves the standard least squares problem subject to a constraint on the sum of the absolute values of the model coefficients (Tibshirani, 1996) . This regularization approach controls the complexity of the model based on the importance of the predictors and the size and composition of the sample. In general, the number of possible covariates is large relative to the sample size for each industry, and in many cases it may exceed the number of observations. The lasso algorithm shrinks coefficients depending on their relative importance, with the constraint forcing the coefficients on the least relevant predictors to zero. The sparsity induced by the lasso depends on the choice of tuning parameter λ for each particular industry (described further below).
The set of potential predictors allows for occupational income to depend on a wide range 11 Industries follow the 1950 Census Bureau industrial classification system. of factors. Income for a given occupation can vary depending on the particular industry in which an individual works; it can also vary in flexible ways with race, sex, and geographic region. The age profile of earnings can also differ by industry. This generates income scores that more closely reflect reality than the interaction-free regression approach described above.
It also avoids the small-cell overfitting problem that arises from the fully nonparametric approach; the lasso retains only the most relevant predictors of income differences, and the size of the model is scaled depending on the number of observations in each industry.
The extent to which the lasso generates a sparse model depends on the choice of tuning parameter λ, which reflects the stringency of the constraint. Since the importance of different demographic factors likely varies by industry, a one-size-fits-all choice would be inappropriate. We instead use 10-fold cross-validation to select a λ that minimizes out-of-sample mean squared error for each industry.
Results

Persistence of Occupational Income
The occupational income score is a weighted average of the median earnings for males and The results on this exercise are in Figure 1 . Each circle is an occupation weighted by Iowa using state Census data (described in section 5.1). Using this information, we find that the rank correlation between 1950 and 1915 occupational earnings in Iowa is 0.7.
Errors of Magnitude
In this section, we analyze the magnitude of bias induced when using OCCSCORE and LIDO score as a proxy for income in an earnings regression. For the moment, we focus on estimating racial and gender earnings gaps. Gelman and Tuerlinckx (2000) and Gelman and Carlin (2014) introduce the Type M error rate as the expected value of an estimate divided by the true parameter value, conditional on the estimate being statistically different from zero. In this context, the true earnings gap is the earnings gap found using actual income data, and the estimated earnings gap is the gap using a proxy for income (either OCCSCORE or LIDO score).
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Labor economists and economic historians often use a 1950-based occupational income score to proxy earnings, and then estimate models using data from pre-1950 Census years.
We cannot directly test whether such proxies are valid without better historical earnings data. However, we can make modern data worse, so that the modern data suffers from the same problems as historical data. Here, we generate a 2000-based occupational income score and compare estimated racial and gender gaps from 1950-1990 with the true earning gaps a researcher would have obtained by using actual earnings instead of the proxy. Figure 2 graphs the implied earnings gaps using the three regressions. The first specification regresses the log of earnings on a set of dummies for state of residence, sex, race, and nativity. In addition to these dummy variables, the regression includes age and age squared.
We run the regressions separately for every Census year from 1950 to 2000. Because we assume researchers would have used earnings instead of occupational income scores if earnings data were available, we treat these coefficients as the true parameters that researchers would like to estimate. The second regression uses the log of the 2000-based OCCSCORE instead of log earnings as the dependent variable. The dependent variable for the last regression is the log of the 2000-based LIDO score. For each regression, we restrict the sample to adults (2015)). The graph displays the implied female/male and black/white income ratios from six earnings regressions. Note that the gaps are conditional on age, age squared, a dummy variable for US-born, and state of residency. The female earnings gap is conditional on race, and the black/white earnings gap is conditional on sex. OCCSCORE uses a 2000-based occupational income score, whereas adjusted OCCSCORE is a 2000-based occupational income score conditional on race, sex, age, and region. The sample is restricted to those between ages 25 and 65 who were in the labor force.
ages 25-65 who were in the labor force.
As expected, earnings gaps have declined for blacks since the 1950s and for women since the 1970s, and this is reflected in all three models. However, the magnitude of the gap is highly attenuated when the log of OCCSCORE is used in place of true earnings. For all years, the coefficients on sex and race are of the same sign and statistically significant in all specifications, but the coefficients from the OCCSCORE specification suffer from substantial attenuation bias. Using the LIDO score as the dependent variable greatly reduces this bias.
The earnings gap estimated using the LIDO score more closely mirrors the true earnings gap than the OCCSCORE estimates.
Our estimates of the female/male earnings ratio are similar to the extant literature (Goldin, 1990, p. 62) . The female/male earnings ratio declined between 1950-1960, after which the gender gap slowly narrowed. Margo (2016) provides Census estimates of the black/white earnings gap that are similar to ours. Black income increased relative to whites during the 1960s and 1970s, but the ratio has not narrowed significantly since the 1980s. Smith (1984) estimates the black/white income gap by assigning each individual the average income of a race by sex by age group cell from the 1970 Census. These estimates, produced at least a decade before the IPUMS OCCSCORE variable was regularly in use, are in essence an adjusted OCCSCORE.
Errors of Sign
If researchers are primarily concerned with the direction of an effect as opposed to its magnitude, the previous results suggest that qualitative conclusions may not be seriously affected by the use of occupational income scores. The use of OCCSCORE as the dependent variable did not result in sign changes for gender and racial earnings differences. This result does not generalize to regressors with signs less predictable than race and gender indicators. Here, we show that OCCSCORE frequently results in errors of sign, or Type S errors. A Type S error occurs when the true population parameter is non-zero and the estimate is statistically significant and of the wrong sign (see Gelman and Carlin (2014) and Gelman and Tuerlinckx (2000) ).
In this section, we consider two models. We regress log income on 176 dummy explanatory variables: a set of dummy variables for state of residence, age, race, birthplace, farm status, family size, marital status, number of families in the household, and relationship to the household head. Then, we estimate the model with a 2000-based occupational income score as the dependent variable and then again with a 2000-based LIDO score that is adjusted for industry and demographics. Standard errors are clustered at the state level.
We then compare how often these models give conflicting results compared to the "true model" in which the dependent variable is log income. Many researchers are satisfied to use estimators that are biased towards zero since the sign of the estimator is likely to be the same as that of the parameter they are trying to estimate. A more serious problem occurs when researchers find spurious results that are statistically significant and of the wrong sign. For this reason, we say that the two models conflict for a particular coefficient if they produce opposite signs, but the model using occupational income score is statistically significant.
The results from this exercise are shown in Table 2 . Table 3 displays the mean ratios of the estimated coefficients to the "true" earnings regression coefficients. Ideally, these ratios would be close to 1 and would never be negative.
The results suggest that the OCCSCORE coefficients are typically 28-37% of the earnings regression coefficients. The LIDO score coefficients are closer to being centered around 1 and depending on the year vary between 94-121% of the earnings regression coefficients.
Variables that are unlikely to be correlated with the demographic and industry adjusting variables (such as household and family characteristics) produce similar estimates for both the OCCSCORE and LIDO score regressions.
Figure 3 graphs kernel density estimates of the ratio of the estimated and true coefficients. Notes: Data are from the 1% samples of the U.S. Census downloaded from IPUMS. We regress the measure of labor market outcomes on 176 dummy variables for state of residence, age, race, birthplace, farm status, family size, marital status, number of families in the household, and relationship to the household head. The "true model" uses log of earnings. Each cell displays the proportion of those estimates that are statistically significant in both models and of the wrong sign. Notes: Data are from the 1% samples of the U.S. Census downloaded from IPUMS. We regress the measure of labor market outcomes on 176 dummy variables for state of residence, age, race, birthplace, farm status, family size, marital status, number of families in the household, and relationship to the household head. The "true model" uses log of earnings. Each cell displays the proportion of those estimates that are statistically significant in both models and of the wrong sign.
Figure 3: Density of Ratios of Estimated to True Coefficients using OCCSCORE and Adjusted OCCSCORE Notes: Data are from IPUMS (see Ruggles et al. (2015) ). The figures display the density of the ratio of the estimated coefficients (using a 2000-based OCCSCORE) and the "true" coefficient using observable income. Each year contains 185 regression coefficients and includes a set of dummy variables for state of residence, age, race, birthplace, farm status, family size, marital status, number of families in the household, and relationship to the household head. The sample is restricted to those between ages 25 and 65 who were in the labor force.
The density for LIDO score is closer to being centered around one (less attenuation bias) and has less weight to the left of zero (conflicting signs). Using OCCSCORE leads to less accurate results the farther away from the base year we get, whereas estimates using the LIDO score are likely to be of the same sign even 50 years prior to the base year. Although the LIDO score is rarely of the wrong sign, it too suffers from some attenuation bias when the data are 50 years removed from the base year.
Applications
Earnings Gaps in the Iowa State Census, 1915
The analysis in section 4 shows that when examining gender and racial earnings gaps, adjusted OCCSCOREs substantially outperform the standard OCCSCORE using modern decennial Census data. To assess the extent to which this conclusion applies in a more historical context, we exploit a rare source of pre-1950 income data, the 1915 Iowa State Census (Goldin and Katz, 2010) . 14 This was the first Census in the US to collect data on income prior to 1940. The sample digitized by Goldin and Katz (2010) contains records on 5.5% of the urban population drawn from three of Iowa's largest cities: Des Moines, Dubuque, and
Davenport. It also contains 1.8% of the population of counties not containing a major city; the ten counties used span the geography of the state. We compare racial and gender earnings gaps estimated using the standard OCCSCORE and our LIDO score to those estimated using true earnings.
For the estimation, we restrict the sample to those between the ages of 20 and 70 and exclude those with missing occupation data or zero/missing earnings. In column (1) of Table 4 , we report the coefficients from a regression of log earnings on an indicator for black and female as well as a quadratic polynomial for age. Women and blacks earn substantially less than white men. As is typical, earnings increase with age but at a diminishing rate. In column (2), we replace log earnings with the log of the standard 1950 OCCSCORE. The results change substantially: the black-white earnings gap coefficient declines by half, and the gender earnings gap declines by 95%. The use of standard 1950
OCCSCOREs as a proxy for earnings leads to substantially misleading results in this sample.
Moving to column (3), we replace the unadjusted OCCSCORE with 1950 LIDO score.
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Using this approach, the earnings gap for blacks is now almost the same as that estimated using true earnings. The estimated earnings gap for women is slightly larger than the true value but much closer in magnitude than the standard OCCSCORE estimate. In this context, it seems clear that the LIDO score is a substantially better proxy for earnings than OCCSCORE.
Estimates of Intergenerational Mobility
Labor economists often measure intergenerational mobility by regressing a son's socioeconomic status on his father's socioeconomic status:
where I 
This regression differs from the model in Section 3 since OCCSCORE appears on both the left-hand and right-hand side of the regression. The measurement errors e i are likely to be smaller if one uses a demographically-adjusted LIDO score instead of OCCSCORE, since racial, age, and regional differences in occupational earnings will not be captured in e i .
However, when using OCCSCORE, some of the measurement error is likely to cancel out since e son ). Thus, the bias from estimating equation 18 using OCCSCOREs will be small so long as the transmission in overall income from father to son is similar to the transmission of excess income within occupation. For these reasons, using occupational income scores instead of income should lead to a smaller amount bias in this particular context.
In Table 5 , we provide estimates of intergenerational mobility using the IPUMS linked data sets. These data link the 1% samples of the 1850, 1860, 1900, and 1910 Censuses to the 1880 complete count. The sample is restricted to those who, during the first Census year, were children of the household head, male, and no older than 15 years old. We regress the log of a son's OCCSCORE (during the second Census year) on the log of the father's OCCSCORE (during the first Census year), and then repeat the regression using LIDO score.
To make the estimates comparable, we restrict the sample father-son pairs in which neither the father nor the son has a missing LIDO score. The resulting coefficients are elasticities, with higher coefficients implying occupational immobility. Row 1 of columns (2) and (4) of Table 5 are replications of the estimates in row 7 of Table 3 of Olivetti and Paserman (2015) , but restricting the sample to those with non-missing LIDO scores. We present estimates for whites using all samples, and for blacks using samples in which both the father and son are observed in the postbellum period.
The OCCSCORE estimates suggest that blacks had twice the intergenerational mobility of whites (β 1 closer to zero). The LIDO score estimates suggest that black intergenerational mobility was much closer to white intergenerational mobility than previously thought. In fact, between 1880-1900 and 1880-1910, blacks had less intergenerational mobility.
Conclusion
Using modern Census data, we find that even though occupational income is highly correlated over time, occupational income scores systematically underestimate racial and gender income gaps by a substantial margin. Furthermore, other standard earnings regression covariates, like state of residency and state of birth indicators, are strongly attenuated and can be of the wrong sign up to 20 percent of the time. We construct a new lasso-adjusted industry, demographic, and occupation (LIDO) score which flexibly accounts for differences in earnings across race, gender, age, region, occupation, and industry (variables available in every Census going back to 1850). Our alternative scores significantly reduce attenuation bias and limit the probability that the estimates are of the wrong sign.
To examine the performance of the LIDO score in a historical context, we exploit the 1915 Iowa State Census, which collected data on both occupation and earnings. We find that estimated race and gender earnings gaps in 1915 Iowa using true earnings are sizable; however, when using standard OCCSCORE as a proxy, the racial earnings gap is attenuated by half and the gender earnings gap is attenuated by 95%. Our LIDO score yields race and gender earnings gaps very close to their true values. We also conduct an analysis of OCCSCORE-induced bias in measures of intergenerational income transmission. This analysis is based on father-son pairs linked across the 1850, 1860, 1880, 1900, and 1910 decennial Censuses. In this setting, we find that standard OCCSCOREs and LIDO scores perform similarly for white males, because measurement errors for fathers and sons are likely to be correlated. However, transmission coefficients are substantially attenuated for black 1850-1880 1860-1880 1880-1900 1880-1910 1880-1920 1880-1930 Log of father's LIDO score 0.600 * * * Notes: Data are from the IPUMS linked data files. These data are from 1% samples of the 1850, 1860, 1900, and 1910 Censuses linked to the 1880 complete count. The sample is restricted to those who during the first Census year were children of the household head, male, and no older than 15 years old. Standard errors are in parentheses. * p < 0.1; ** p < 0.05; *** p < 0.01.
men, suggesting a much higher rate of intergenerational mobility than is likely true. Studies that are primarily interested in occupational status, rather than earnings, may wish to retain the standard OCCSCORE. The 1950 OCCSCORE provides a ranking of occupations by earnings, and we find substantial persistence in these occupational rankings.
The logical jump that researchers have made, but is not supported by the data, is that if a treatment increased occupational status, it also increased income. To make such statements credible, researchers should use LIDO scores. Even for studies that focus on life-time earnings or occupational status, there is another reason to use LIDO scores as a complement to standard OCCSCOREs. Labor economists using modern data almost invariably use earnings instead of using OCCSCORE, and using LIDO scores would make the historical literature more comparable to the modern literature.
